Trait psychology implicitly assumes consistency of the personal traits. Mischel, however, argued against the idea of a general consistency of human beings. The present article aims to design a statistical procedure based on an adaptation of the π* statistic to measure the degree of intraindividual consistency independently of the measure used. Three studies were carried out for testing the suitability of the π* statistic and the proportion of subjects who act consistently. Results have shown the appropriateness of the statistic proposed and that the percentage of consistent individuals depends on whether test items can be assumed as equivalents and the number of response alternatives they contained. The results suggest that the percentage of consistent subjects is far from 100%, and this percentage decreases when items are equivalent. Moreover, the greater the number of response options, the lesser the percentage of consistent individuals.
T he notion of intraindividual consistency lies at the basis of all personality psychology. Ever since Mischel (1968) formulated his theoretical and methodological criticism of the concept of consistency sustained by trait psychologists, various authors have debated the various conceptions of consistency (Bem, 1983; Epstein, 1983a Epstein, , 1983b Epstein, , 1984 Funder, 1983a Funder, , 1983b Funder & Ozer, 1983; Kenrick & Funder, 1988; Mischel & Peake, 1982 , 1983 Ozer, 1986) , chiefly throughout the 1980s.
The debate originated with the conception defended by trait psychology that there exists a universal structure of human personality that is expressed in the ontological assumption underlying the proposition "All human beings are consistent." Even though such an ontological supposition is unsustainable considering, as Zuckerman (1991) pointed out, that perfect consistency is impossible, given the continual interaction between phenotype and environment, the idea of a general consistency of human beings underlies most of personality psychology. This conception supposes that because people are consistent in some of their behaviors, we can identify the same kind of consistent behaviors corresponding to the major dimensions of personality in all subjects. The initial empirical work of Cattel and Guilford indicates this possibility. Based on this, methodological work focused on designing instruments capable of revealing this universal structure. The first step, then, was to identify those behaviors or those verbal statements that individuals make about themselves that tend to be grouped in the dimensions that would make up this personality structure.
Whether a behavior (or its verbal description) belongs to the dimension is established by the covariation of this behavior with other behaviors belonging to this category across a broad sample of subjects. With this approach, any interindividual differences reveal the various degrees to which those persons present the assessed feature. Given this, a good instrument for assessing a personality trait is one made up of the elements that can detect the consistency of the individuals irrespective of the magnitude of the trait variable in each of them. Consequently, the process of constructing an assessment instrument that aims to measure personality traits demands the elimination of those items that do not contribute to increasing the internal consistency of the test. This is because it is supposed that those items are not measuring the dimension or trait being explored. That the individuals may not be consistent is not doubted. This is why, despite the evident fact that there are two sources of variation in the scores of a test-(a) the items of the test and (b) the individuals tested-methodological and analytical procedures have not been implemented to allot separate values to intraindividual consistency and to the consistency of the elements that make up the test.
At the end of the 1960s, Mischel (1968) questioned the ontological supposition of the consistency of the individuals and, by extension, the method for constructing tests derived from it. The consistency paradox (Mischel, 1968) looks at the fact that the starting point supposes the consistency of each individual, although the empirical data gathered by the author do not support intraindividual consistency and consequently suggest that the situation will contribute the fundamental part of the variance that explains the behavior.
Beyond the various responses given to this approach (among the best known are those of Bem & Allen, 1974; Bem & Funder, 1978; and Epstein, 1979) and the evolution of Mischel's own positions (Mischel, 1990; Mischel & Shoda, 1995) , we will highlight two aspects of the debate. The first has to do with the kind of situation in which we assess the person's behavior. Because the behavior of individuals occurs in a specific situation, to study the consistency of the behavior, the situation must be of a kind that allows several behaviors and of a kind that does not determine which specific behavior will be executed. A situation that (because a given behavior is reinforced to a greater degree than others or has some kind of preeminence) determines one and only one of the possible behaviors for all those who find themselves in that situation will contribute nothing to the analysis of an individual's personal behavior style because interindividual variation will not be possible (see the analysis proffered by Harzem, 1984 , and later that of Ribes, 1990a Ribes, , 1990b and Ribes & Sánchez, 1992 , of the contingencies established in an assessment situation). This is the case of an item lacking interindividual variability.
The second aspect has to do with the differences between the concepts of intraindividual consistency and the statistical consistency of the measuring instrument. The consistency of an assessment instrument refers to the consistency among the scores of its items, which refers to the behaviors of the person in the situation considered in each element of the test. Forgetting the supposition of general consistency of people, occasional attempts are made to confirm the consistency of individuals because this consistency can be detected irrespective of the agents used to reveal it, by calculating the correlation between items of a single test. Attempts are also made, however, to establish the homogeneity or communality of the items of an instrument that assesses a trait by calculating the internal consistency of that test. In fact, as Hogan, Benjamin, and Brezonski (2000) found, 75% of the coefficients of reliability reported in the Directory of Unpublished Experimental Mental Measures, Volume 7 (Goldman, Mitchel, & Egelson, 1997) , were estimates of internal consistency. We will consider two paradoxes in this respect.
The first is that the measurement of internal consistency, which is not a direct measurement of reliability but rather of the degree to which the items of a test are grouped for measuring one same construct (see Henson, 2001) , has been strongly criticized as a measurement of the unidimensionality of an instrument (see Hattie, 1984) for the purpose of verifying this assumption in item response theory models.
The second paradox applies to all the replication designs for establishing the reliability of the scores of an instrument. Since the development of classical test theory, reliability is defined as the proportion of variance of the empirical scores due to true score variance. Or, given the fact that true scores cannot be accessed directly, reliability is understood as the degree of consistency of a subject's scores through replications of the measurement procedures (Brennan, 2001 ). In the case of two measurements (test-retest replication design), should significant differences appear between the two applications of the test (which have supposedly controlled the time between testings, the testing conditions, the examiner, etc.), such differences should be attributed to the instrument (as a whole or to some of its elements). But the instrument has not varied either. To reject that the origin of the variability is as attributable to the instrument as to the subjects, to the conditions, or to any combination of these, is in any case limited reasoning with no logical basis.
We consider that the case of internal consistency is a (restrictive) variation of the replication designs that assume a priori that the items are equivalent (see Brennan, 2001 ). The degree of equivalence required in each assessment instrument has varied (see the review by Lord & Novick, 1968) . Nevertheless, the fact is that the two most frequent strategies to increase the covariation between items, particularly in the case of personality questionnaires, are, on one hand, semantic duplication of items and, on the other hand, the generation of items that represent more global and general situations. Either of them feeds an intrasubject consistency that can be more an artifact of the agents that make up the measurement instruments than of the consistency of the individuals.
Although several technical solutions for this problem have been proposed in psychometrics, personality psychology has not proposed any solid methods. Hence, the objective of this article is to test a statistical procedure that, given a subject's scores on an objective assessment test, will determine the degree of revealed intraindividual consistency independently of the measurement instrument used. The hypothesis to be verified is contrary to the theoretical presuppositions of trait psychology. In this regard, the hypothesis states that the percentage of individuals showing perfect consistency will differ significantly from 100%, which is what would be expected assuming the ontological supposition of consistency. To test this hypothesis, it is necessary to design situations that are exactly equal, morphologically and functionally, in each of the items.
Estimating the Proportion of Inconsistent Subjects
To resolve the question posed, we propose a procedure that allows estimating the proportion of consistent and inconsistent subjects and the probability of the consistency of each subject independently of the subjects' level in the variable measured and independently of that variable's items being equivalent. The procedure is an adaptation to the psychometric context of the π* statistic proposed by Rudas, Clogg, and Lindsay (1994) for the analysis of contingency tables.
The * Goodness-of-Fit Index
Suppose that θ indicates the trait level of an individual. From a psychometric point of view, consistency means that the value and dimensionality of θ are invariant all over the test. This investigation addresses the problem of estimating the proportion of inconsistent subjects in a given population, which is divided into two groups: a group of consistent subjects and a group of inconsistent ones. Consistent subjects have a constant θ and follow a given response model all over the test, whereas no assumptions are made about the behavior of inconsistent subjects. The probability of sampling an individual at random from each group is 1 -π* and π*, respectively. The main objective of the current investigation is introducing a method for estimating π*.
Let x h = (x h1 , . . . , x hI ) be the subject's response pattern to a test of I items, h = 1, . . . , H and H is the number of different response patterns. The probability of each response is given by an item response model (Birnbaum, 1968) . The most general model that we will use is the nominal response model (NRM; Bock, 1972) , according to which the probability of obtaining response r in item i composed of A alternatives is given by where a ir and b ir are the parameters that describe response r. Parameters a i0 and b i0 are fixed to zero to identify the model. We will also use the two-parameter logistic model (2pl), which is the same as the NRM but assumes that data are dichotomous. The oneparameter logistic model (1pl) applies to dichotomous data and assumes that a i1 takes the same value for all the items. These models are frequently applied for analyzing attitude and personality questionnaires (Chernyshenko, Stark, Chan, Drasgow, & Williams, 2001; Reise & Waller, 1990; Steinberg & Thissen, 1995) . Suppose that θ follows a distribution f(θ) in the population. It is assumed from now on that f(θ) is standard normal. Then, assuming that the subject is consistent, the marginal probability of the response pattern is given by
The assumption of consistency does not imply that the probability P ir is the same for any item i, only that the subject's trait (θ) remains invariable across the stimuli. For this reason, values of a ir and b ir can vary across the items even when consistency holds.
It can be asserted that there is no invariable trait level for all the stimuli in the group of inconsistent subjects. The probability of the response pattern for these subjects can be called in general terms R(x h ). Because there is no model about how an inconsistent subject acts, we shall not provide an analytical expression for R(x h ). Under these conditions, the marginal probability of the response pattern of the subject is
The value of 1 -π* can be interpreted as a minimum limit to the proportion of consistent subjects because there exists no information about what happens with the subjects that are outside the model (i.e., about the residual distribution R(x)). Finding a certain proportion of individuals outside the model does not necessarily mean that the value of θ changes throughout the test, as would happen if the consistence parameter were not met.
A sample of n subjects is required to estimate the parameters. Let n h be the observed response frequency of pattern h. The probability of the observed data n = (n 1 , . . . , n H ) follows the multinomial distribution:
Maximum likelihood estimation consists in maximizing g(n) with respect to π* and the item parameters. This is achieved by using the marginal estimation (Bock & Aittink, 1981) with the expectation-maximization algorithm (Dempster, Laird, & Rubin, 1977) . Because R(x) is unrestricted, distribution g(n) fits the data whenever π* is large enough. The likelihood ratio statistic (G 2 ) is used to assess the fit, and the estimator of π* is the smallest value of that parameter for which G 2 = 0 (Rudas et al., 1994) . These authors also describe the estimator by intervals of π*, which takes the form (π L *, 1). The lower limit depends on the level of confidence, and the upper limit is 1. If the confidence level is 95%, π L * is the value of π* for which G 2 = 2.7. The difference between this estimation procedure and the one commonly used in psychometrics is that the latter assumes that all the subjects fit the model (are consistent) and therefore π* = 0. Once the parameters have been estimated, it is possible to determine the probability of each subject belonging to the group of consistent or inconsistent subjects. The conditional probability that a subject is consistent is given by
Other Indices Used in Item Response Theory
Two statistics have been used in the context of item response models to assess consistency. The first is the l z statistic, proposed by Drasgow, Levine, and Williams (1985) . The second is the α statistic proposed by Ferrando (2004) . The l z statistic is a statistic for goodness of fit of the subject and is applied in dichotomized models. It is useful for detecting subjects who do not behave according to the pattern, for example, those responding to the test without paying attention to some questions. To apply it, you must have a test previously calibrated with one or more of the dichotomized models in its unidimensional version. The distribution of l z is approximately standard normal. Therefore, for each subject, you have to verify the hypothesis that the subject acts according to the pattern. The π* statistic presents some theoretical differences with respect to l z . First, π* is independent of the model and can be calculated with any model that specifies how consistent subjects respond. Second, l z does not directly provide an estimator of how many subjects are consistent in a population. The consistency hypothesis must be verified subject by subject, which increases the probability of Type I error in the set of subjects assessed.
The α index was proposed to assess the degree of consistency of each subject, taken as the variability of θ throughout the test. It is applied only to the 1pl model and assumes that an inconsistent subject is one whose θ value varies throughout the test. That is, θ is precisely a measurement of this variation. There are three main differences between π* and α. First, π* is defined for the population of subjects and α for each particular subject. Moreover, α is based on the supposition that all subjects are inconsistent and assesses the degree of inconsistency of each one, whereas π* divides the population into a consistent group and an inconsistent group. Last, α contemplates only one type of inconsistency: the variation of θ throughout the test assuming the 1pl. In contrast, π* does not assume anything about how inconsistent subjects act.
The π* statistic is a goodness-of-fit statistic for the whole model; f(consistent | x h ), l z , and α are goodness-of-fit statistics applied to each particular subject. Despite their theoretical differences, the three indices may give similar results in empirical studies. We address this issue in the applications described next.
Three Empirical Studies
Three studies were conducted to illustrate how the π* index is applied in practice, and these three studies are described below.
Study 1
The first study has two objectives: (a) to estimate the percentage of subjects who act consistently in a task requiring conscientiousness (described in Hernández, Sánchez-Balmisa, Madrid & Santacreu, 2003) and (b) to assess the equivalence of the various tasks or items that comprise the test.
Method
A sample of 428 participants carried out 15 items of a conscientiousness test with a Cronbach's coefficient of .76 . The task consists in identifying and marking an object (a type of tree) in a matrix containing that object mixed with other objects (other types of tree). The maximum time for solving each item is 20 seconds. Each item presents a matrix of 12 rows by 10 columns (120 cells), and 60% of the cells (72) contain a figure. Of these 72, 14 contain the element to identify, whereas 58 have a distractor (different types of trees). The elements to identify are distributed in 7 rows and 7 columns, each with two "target" elements. The score is obtained by considering the order (by rows and/or columns) followed in solving the matrix. Each item earns a point only if the individual clicks consecutively on two targets belonging to the same row or column. Since the configuration of each matrix is different, each item is morphologically different (the type and the position of the tree to be identified varies) although functionally the same because they can be identified by using the same behavioral strategy. The score is based on the order in which the objects are identified. The range of scores of each item corresponds to an ordinal scale from 0 to 7 where the 0 score corresponds to no conscientiousness and the score of 7 to maximum conscientiousness. Because of the small number of subjects, only the first 7 items were analyzed. Furthermore, the responses were dichotomized using the value of 3.5 as the cutoff point. This way, the number of possible response patterns is 2 7 = 128, which allows assessing the model's goodness of fit. Figure 1 illustrates an item example.
The nature of the task can lead one to think that it is assessing a perception-related competence or aptitude. The data indicate that this is not so. For the sample analyzed, the mean correct was 13.65 (over a theoretical maximum of 14) and the mean wrong was 0.63 . Moreover, the maximum time of execution was 14.95 seconds, clearly less than the 20 seconds allowed, and the correlation between the efficiency rate and that of meticulousness was r = .030. All this indicates that competence was not a variable that interfered in our results because all the participants were shown to be highly competent.
Three models were estimated to assess both objectives. Model 1 is the 2pl; it assumes that the items are not equivalent (parameters a and b can be different for each item) and that the subjects are consistent (θ equal). Model 2 is the 1pl; it assumes that items are not equivalents. Model 3 assumes that the items are equivalent (equal parameters). Model 3 is nested in Model 2, and this is nested in Model 1. This allows testing each model's goodness of fit by means of the likelihood ratio statistic (G 2 ). Table 1 contains the estimated values of the parameters and the goodness-of-fit statistics. Only Models 1 and 2 fit the data. Although Model 1 fits the data, more than 36% of the subjects fall outside of it. This result may be due to the small sample size and the numerous response patterns with low or null frequencies. About 50% of the subjects fall outside Model 2. The comparison of Models 1 and 2 shows that results about consistency depend on the model assumed for the subject responses.
Results

Discussion
As to the equivalence hypothesis, the result is clear. The items are not equivalent. The various items cannot be considered tasks that are equivalent to each other despite having tried to construct equal tasks, except in the situation of the targets.
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Figure 1 Example of a Conscientiousness Test Item
Note: Squares in the screen represent targets already clicked by the subject.
The data allow sustaining that approximately 64% of the participants behave consistently. The method does not allow determining why the model does not fit to the other subjects, whether it is due to the lack of consistency or to something else. Also, the small sample size can cause an overestimation of π*.
In conclusion, it is possible to test both hypotheses at the same time, but this requires large samples. With tests that have more than 10 items, which is common in psychological assessment, or with items that have more than two categories of response, the number of subjects should be of the order of several thousands.
Study 2
Because the dichotomization of the scores of the test in the foregoing study restricted the variability of the response and because π* could be overestimated because of the number of subjects analyzed, we will try to replicate the analyses using a much larger sample and expanding the variability of the response by including polytomous scores.
Method
A sample of 12,295 participants was assessed using the conscientiousness test employed in the Study 1. In that case, 7 of 15 items were used. The responses (gathered on a scale ranging from 0 to 7) were recoded in two ways: (a) dichotomized data, for which responses 0 to 3 became 1 and responses 4 to 7 became 2, and (b) polytomous data, for which responses 0, 1, and 2 became 1; 3 and 4 became 2; and values 5, 6, and 7 became 3. The dichotomized data were analyzed with the 2pl and the 1pl-the polytomous data with the NRM, which is the extension of the 2pl for when there are more than two response categories. For both sets of data, we estimated the model corresponding to the supposition of equivalent items and the supposition of nonequivalent items.
Results
Dichotomized data. The number of different possible patterns is 128, none of which had zero frequency. Table 2 shows the result of the estimation of the models. The table contains the estimated parameters, the error of estimate of each, the goodness-of-fit statistic, its degrees of freedom, the critical level, the estimated value of π*, and the lower limit of the interval with a confidence level of 0.95.
To test the item equivalence hypothesis, we used the difference between the values G 2 . The result is that this hypothesis is rejected. None of the models fit the data according to G 2 . Nevertheless, item response models are commonly rejected when the sample size is too large in comparison with the number of possible response patterns. The G 2 /df ratio takes the value 3.07 for the 2pl, which is interpreted as an adequate fit. The statistic π* shows similar values for the 1pl and the 2pl and indicates that the equivalence model must be rejected. The conclusion is that approximately 26% of the participants are not consistent. The main reason for estimating 1pl is to compare the results of the statistics f(consistent | x h ), α, and l z . Table 3 shows the correlations between these statistics, the score on the test (X), and the response frequency of the pattern (n h ). Note: G 2 = goodness-of-fit statistic; df = degrees of freedom; π* = proportion of subjects out of the model; π L * = lower bound of π*. Sample size is 12,295.
The l z statistic strongly correlates with the response frequency of the pattern. This may be due to the procedure for estimating the parameters, which tries to equate the probability of each pattern with its relative frequency. In contrast, the value of α shows an almost exact, quadratic relationship with the score on the test. Therefore, the linear correlation between the two quantities is low. This result might be due to the information function of the test. The variability of the estimator θ will decrease as the test information increases, which could be reflected in a lower value of the α index.
Moreover, the test score and frequency hardly relate to f(consistent | x h ). The correlations between the three goodness-of-fit indices for the subject, α, l z , and f(consistent | x h ), are positive but low. Therefore, they apparently assess different causes for the lack of goodness of fit for the subject. Figure 2 contains the dispersion plots for α, l z , and f(consistent | x h ) in relation to frequency and test score.
Polytomous data. Three categories of response provide 2187 different patterns, of which 750 (34%) had zero frequency. The results for the nonequivalent item model and for the equivalent item model are shown in Table 4 .
The G 2 values shown in Table 4 are significant. The estimated value of π* in the nonequivalent items model indicates that more than 95% of the participants are outside the consistency model. The estimated value of π* in the restricted model, which supposes that the items are equivalent, indicates that 98% of the subjects are outside the consistency model.
Discussion
In all cases, the results show that the supposition of the subjects' being consistent cannot be maintained. The percentage of inconsistent subjects will be much larger if we consider that the items are equivalent. Statistically, however, this equivalence cannot be maintained. The estimated value of π* depends on the type of data used. The important distinction is not whether the data are dichotomized or polytomous but rather the sample size in relation to the number of possible response patterns. Rudas Herna! ndez et al. / Intrasubject Behavior Consistency 427 Note: n h = response frequency of the response pattern; X = number-right score; α, l z , and f(consistent | x h ) = person-fit statistics.
et al. (1994) showed that small samples can overestimate π*. This is why the use of polytomous data increases the estimated percentage of subjects outside the model. From all of this, it can be deduced that the estimated percentage of inconsistent persons is tied to the particular model assumed for the behavior of the consistent persons. At the same time, this study, like the preceding one, reveals that the items of the test used are not equivalent despite their unequivocal similarity and the similarity of the task to be performed by the subjects.
Study 3
The third study attempts to verify whether the results of the second study are maintained using a different test. Because the models pose the hypothesis of item nonequivalence, this time we will analyze the data of a test that measures the subjects' risk-taking tendency. The task is described in Arend, Botella, Contreras, Hernández, and Santacreu (2003) . This test consists in choosing one of four responses to each of the items an undetermined number of occasions. Consequently, the items of the test are strictly equal. The hypothesis states that, in this case, the model will show the equivalence of the items, although we cannot suppose this beforehand. Moreover, we will try to estimate the percentage of subjects who are consistent with dichotomized data given the fact that, as we have seen in Study 2, this is the condition of greatest accuracy (smaller confidence interval in dichotomized data) as well as the condition in which it is estimated that there is a greater number of consistent persons. Consequently, we can suppose that the number of inconsistent persons will be greater with polytomous data. Herna! ndez et al. / Intrasubject Behavior Consistency 429 Note: G 2 = goodness-of-fit statistic; df = degrees of freedom; π* = proportion of subjects out of the model; π L * = lower bound of π*. Sample size is 12,295.
Method
A sample of 9,324 participants was assessed in a test that measures risk-taking behavior with 10 items and 4 response options. Cronbach's α is .87 (Arend et al., 2003) . The task consists in betting on the outcome of throwing two dice. The 10 items are exactly the same in both their form and function. The score of 1 (the sum of both dice higher than 4) corresponds to the value of the least risk assumed, and the score of 4 (a sum of 12) corresponds to the greatest risk. The analyses used only dichotomized data (1 and 2 were recoded as 1, and responses 3 and 4 became 2). Because the number of possible patterns with the dichotomized data was still too large for the sample size, only 6 items were selected for the analysis. The first 4 items, which, in any case, could be considered training items, were discarded.
Results
The sample contained the 64 possible response patterns. Table 5 shows the estimated parameters for the equivalent item and nonequivalent item models. Several conclusions can be drawn from the table. The items are quite similar to each other. Although, statistically, the equivalence hypothesis can be rejected, the estimators of the parameters are similar among all the items, and the value of G 2 varies between the models much less than in Study 2 (G 2 = 1,075 vs. 1,165). The value of π* allows associating the lack of fit with the percentage of inconsistent subjects. If the items are assumed to be equivalent, the percentage of inconsistent individuals is 38%; with nonequivalent items, it is 26%.
Discussion
The type of data used has an important effect on the estimator of π* in a task in which the items are morphologically and functionally equal and indicates the percentage of nonconsistent subjects much more accurately. But it is evident that the nonrestrictive model suggests a certain degree of item nonequivalence. This is difficult to explain unless we consider that an item differs from another by the mere fact of having been executed before, even when there is no feedback at all of its execution except for an indication that it has been answered. In any case, the models applied indicate that, in the best cases, 26% of the subjects are inconsistent. A drawback of the statistic is that it requires large samples. This study shows that to obtain clear results, the frequencies observed must be high enough for the estimator to be stable.
General Conclusions
The statistic π* must be interpreted taking into account that it is a goodness-of-fit statistic. Its usefulness lies in quantifying the degree of lack of fit instead of simply concluding whether the fit is good or bad. This is useful for comparing different models subject to theoretically motivated restrictions, as is the case of item equivalence. In any case, the comparison of different values of π* is only descriptive. For example, the imposition of the restriction that the items be equivalent in Studies 2 and 3 makes the model more restrictive, and its fit must worsen. The π* statistic attributes this lack of fit to an increase in the subjects that fall outside the consistency model. The results of the three studies have shown that the percentage of inconsistent subjects varies within samples according to a series of parameters: first, the estimation of item equivalence; second, the dichotomized or polytomous nature of the data used; and third, the size of the sample.
When the sample is small and dichotomized data are used, the percentage of inconsistent subjects is about 36%. With large samples, the crucial parameter to determine the percentage of persons with inconsistent behaviors is the number of responses used. Therefore, as Study 2 shows, when dichotomized data are used, the percentage of individuals that does not behave consistently is considerably less than when polytomous data are used.
In summary, the estimator of π* makes it possible to quantify the proportion of subjects who fall outside of a given model. This model can incorporate various theoretical suppositions: consistency, equivalence of the items, and form of the P i function. Together with the sample size, they affect the value of π*, which must be interpreted in light of the conditions in which it has been estimated.
The general conclusion of this article is that there is no empirical basis for assuming the supposition of consistency stated in the proposition "all human beings are consistent." On the contrary, this proposition is meaningful only if a model is specified for the behavior of consistent subjects. Even in that case, the value of π* will not be 0 in general but provides an indication of the fraction of the population that falls outside the model. We can assert that the more equivalent the items that comprise a scale and, consequently, the greater the scale's internal consistency, the greater will be the percentage of inconsistent persons. The more precision (less error) of measurement of a behavioral response, the more will we observe inconsistent individuals. This is particularly significant considering the tendency to increase the degree of discrimination in the scales that assess personality traits. In the first formulation of the Eysenck Personality Inventory, Eysenck (1959) presented a dichotomized response format versus the NEO Personality Inventory-Revised developed by Costa and McCrae (1992) , which contains five response categories. Our data suggest that inconsistency attributable to the subjects increases as items are made more equivalent and as the possible number of responses increases. It seems evident that the statistic G 2 allows us to test item equivalence and that the statistic π* allows us to calculate how many subjects of a sample will not be consistent in that test. This datum is of great importance insofar as we can describe a given test by (a) the consistency or equivalence of its items and (b) the percentage of subjects who are shown inconsistent in that test.
Moreover, if we can indeed mark those persons who are not consistent in a test, insofar as that test corresponds to a personality variable, we should conclude that we cannot predict the behavior of this person in the test. That person has not demonstrated consistency on the task. Therefore, for calculating π*, the effect is the same as that of an item that does not contribute to increasing the Cronbach α statistic. Consequently, the elimination of these subjects from the sample will provide greater stability of the scores of the test at two different points in time.
Although the statistics used prove their effectiveness in discriminating between the consistency of the items of a test and the intraindividual consistency, they still present some problems, and the main one is the size of the sample necessary for the calculations. Nevertheless, the pertinent analyses could be made with tests that are widely used in the study of personality and have generated data based on broad samples. This would solve the problems that Hogan et al. (2000) and Brennan (2001) or Henson (2001) consider with respect to the estimates of consistency, reliability, or unidimensionality of personality assessment instruments. Undoubtedly, the strategy that we have followed in this article is a methodological alternative to the theoretical strategy followed by Mischel and Shoda (1995) , Shoda (1999) , and Mendoza-Denton, Ayduk, Mischel, Shoda, and Testa (2001) to close the issue of the consistency paradox.
The conceptual solutions put forward by these authors (Shoda & Mischel, 2000) , by using new concepts such as "coherence" and "behavioral signature" within the Cognitive Affective Personality System model, aim to close a debate that has undoubtedly run its course but that has not produced the desired synthesis and integration of the data. In this sense, the usefulness of biological, psychosocial, and cultural variables in determining the patterns of organization and psychological functioning (Mischel, 2004) is an unquestionable theoretical step forward, but in our judgment, it does not cover the methodological aspect. Taking this into account, the methodological alternative that we put forward, in addition to proposing a statistic for calculating the per-centage of consistent subjects, could be a new approach to personality assessment instruments.
